Animal models of lung disease are gaining importance in understanding the underlying mechanisms of diseases such as emphysema and lung cancer. Micro-CT allows in vivo imaging of these models, thus permitting the study of the progression of the disease or the effect of therapeutic drugs in longitudinal studies. Automated analysis of micro-CT images can be helpful to understand the physiology of diseased lungs, especially when combined with measurements of respiratory system input impedance. In this work, we present a fast and robust murine airway segmentation and reconstruction algorithm. The algorithm is based on a propagating fast marching wavefront that, as it grows, divides the tree into segments. We devised a number of specific rules to guarantee that the front propagates only inside the airways and to avoid leaking into the parenchyma. The algorithm was tested on normal mice, a mouse model of chronic inflammation and a mouse model of emphysema. A comparison with manual segmentations of two independent observers shows that the specificity and sensitivity values of our method are comparable to the inter-observer variability, and radius measurements of the mainstem bronchi reveal significant differences between healthy and diseased mice. Combining measurements of the automatically segmented airways with the parameters of the constant phase model provides extra information on how disease affects lung function.
that exists in the lungs (Ford et al 2007 , Johnson 2007 . This technology has been successfully used to study different disease models such as lung cancer and emphysema (De Clerck et al 2004 , Postnov et al 2005 , Froese et al 2007 . Furthermore, its applications are likely to grow with the advent and improvement of flat-panel detectors.
Latest research on lung cancer points toward common initiation mechanisms in lung cancer, chronic obstructive pulmonary disease (COPD) and inflammatory lung disease (de Torres et al 2007 , Houghton et al 2008 , Cassidy et al 2007 . In this scenario, the analysis of biologically relevant small animal models will be critical to gain knowledge on the specifics of each disease and the relationships existing between them. The widespread use of micro-CT in lung disease-related animal studies raises the need for precise and robust automated analysis and quantification tools for micro-CT images. Standardized automated techniques are thus required to allow for interlaboratory comparisons and reproducible validation of the results.
Segmenting the airways is required by most automatic lung analysis algorithms, especially in mice micro-CT images, due to the relatively large volume occupied by the airways. It is well known that the functionality of central airways and lung peripheral areas varies considerably, and the morphological effects of a great number of lung pathologies are different in the airways and the parenchyma. Separating airways from the rest of the lung is thus of the utmost importance when analyzing a disease (such as emphysema, chronic inflammation or cancer) which affects lung density differentially. Moreover, the analysis of segmented airways may be interesting in itself to study airway-specific morphological changes such as stenosis, bronchiectasis, etc. Finally, the airways can be used as a reference for image registration in follow-up studies or for atlas-based segmentation of the lungs, lobes and pulmonary segments.
To the best of our knowledge, only two airway segmentation methods in micro-CT images have been reported that are of use in mice. Chaturvedi and Lee (2005) segmented silicon casts of excised mice lungs using an interactive region growing algorithm. More relevant to the present work, Shi et al (2007) reported a fully automatic algorithm to segment in vivo images of healthy mice, acquired with an iso-pressure breath hold protocol (Namati et al 2006) . This algorithm works by searching airway lumens in 2D transversal slices that are then used to reconstruct the full 3D tree. The main drawback of this method is that it is based on the search of candidates in 2D, which may lead to problems due to the high variability of the shape of the airway lumens as seen in transversal slices. Moreover, reported computation times were fairly high (about 30 min for each scan).
Due to scarce previous work on mouse airway segmentation, it is worth reviewing the most relevant approaches that exist for segmenting the human airways in CT images. Schlathoelter et al (2002) introduced an algorithm for simultaneous segmentation and reconstruction of the airways. This algorithm was based on a propagating front that divides the tree into branches during segmentation. The framework was extended and generalized in a subsequent work by Bülow et al (2004) . More recently, van Ginneken et al (2008) also used the framework for human airway segmentation with a multi-threshold approach to increase robustness. Kiraly et al (2002) compared two different methods: an adaptive region growing algorithm and an algorithm that combined region growing and mathematical morphology. Their conclusion was that the region growing method was faster than the hybrid method, but also slightly less accurate. Aykac et al (2003) used a two-step approach. In a first step, candidate airways were identified on transversal slices using grayscale morphological reconstruction. In a second step, valid candidates were connected to build a 3D airway tree. Fetita et al (2004) also employed mathematical morphology to obtain a first approximation of the airways. The morphological operator worked in 3D and was specifically devised for this purpose. An energy-minimizing reconstruction algorithm was used to build the final airway tree. The work by Tschirren et al (2005) was based on fuzzy connectivity. They made use of small adaptive regions of interest around the already segmented airway areas. Thus, the algorithm adapted to local image characteristics, leaks were detected early and the computing time was reduced. In a recent work, Graham et al (2008) present a method that can be summarized in three main steps. In the first step, a conservative segmentation of the major airways is obtained via 3D region growing on heavily smoothed data. Then, possible branch segments are detected and connected to each other by nonlinear filtering and surface interpolation. The final segmentation is obtained using a global graph partitioning algorithm, which connects the valid branch segments to the major airways.
The main reason that prevents a direct translation of these algorithms to mice micro-CT data is the low signal-to-noise ratio (SNR) of the images, caused by the required small voxel size and the limitation on radiation dose imposed by the in vivo studies. In particular, following the simple model assumptions from Ford et al (2003) , a reduction of one order of magnitude in voxel size (0.5 mm in CT to 50 μm in micro-CT) implies an increase of two orders of magnitude in the variance of the linear attenuation coefficient, if the rest of parameters remain unchanged.
Taking this into account, we decided to develop the flexible segmentation and reconstruction framework first reported by Schlathoelter et al (2002) . This framework has multiple advantages. First, it allows for simultaneous segmentation and reconstruction of treelike structures. Second, the topological and morphological information from the segmented tree can be used to guide the segmentation of the remaining branches. Third, its modular configuration allows for easy introduction of application-specific segmentation rules. In fact, one of the major contributions of our work is the use of new features when compared to those in the previously reported applications of the framework, to adapt to the low SNR and the special morphology of the mice airways.
To complete the morphological information provided by the image-based measurements, we use respiratory system input impedance measurements and the constant phase model parameters, which have been widely used to assess respiratory mechanics in multiple animal models (Hantos et al 1992 , Collins et al 2003 , Tomioka et al 2002 . The combination of micro-CT imaging and constant phase model parameters has also been used to analyze animal models of lung disease before. In particular, Lundblad et al (2007) qualitatively analyzed ex vivo micro-CT images in a mouse model of allergical inflammation and combined it with measurements of tissue elastance. In this work, we propose to use quantitative airway measurements since this approach is likely to provide valuable information to better understand the morphology and function of lungs affected by diseases such as emphysema and inflammation.
The rest of the article is structured as follows. In section 2, we briefly summarize the airway segmentation framework and give details about the new features we have introduced. In section 3, the image acquisition protocol, which includes the respiratory system input impedance measurement, and the airway segmentation validation experiments are detailed. Results are presented in section 4. A final discussion (section 5) concludes the article.
Methods

Prefiltering
Micro-CT images contain high levels of noise. This justifies the need for a filtering step before the analysis. To this end, we used a 3D grayscale closing by reconstruction filter with a spherical structuring element of radius 1 voxel (Vincent 1993) . The 2D version of this filter was reported to yield positive results in the previous work by Shi et al (2007) . This filter increases the contrast of the darkest regions of the image while preserving the shape of the structures. The radius was selected because it represented a good trade-off between noise removal and contour information preservation.
Airway tree segmentation and reconstruction
The adopted framework has been explained in detail in previous works by Schlathoelter et al (2002) and Bülow et al (2004) . A block diagram summarizing the main execution flow is shown in figure 1 . A key concept is the segment. A segment is a set of contiguous points that has been segmented by a growing wavefront without bifurcations. The growing wavefront is initialized in one seed point and grows into neighboring voxels that fulfill certain voxel acceptance criteria. After every wavefront propagation step, several conditions are checked to prevent leaks. When the wavefront bifurcates, new segments are initialized and added to the rest of pending segments in a segment queue. This queue is a first-in, first-out (FIFO) list, thus ensuring that branches from upper airways are processed first. When a segment is finished, its correctness is checked in a segment evaluation step.
It was necessary to develop new voxel acceptance, propagation evaluation and segment evaluation criteria, due to the particularities of our segmentation task. Details about these new features are given in this subsection.
Initialization.
The initial wavefront consists of a seed point located inside the trachea detected on the first transversal slice. To find the trachea, the first image slice is automatically thresholded using the method described by Hu et al (2001) . This threshold value separates air from tissue and it is iteratively computed for each image. Once this separation is done, two main objects appear in the thresholded binary image: the trachea and the background around the animal body. Other smaller objects can appear, for instance between the animal body and the bed. To select the trachea, the following process is used. In a first step, very small objects-smaller than 100 pixels-are removed. Next, very large objects-larger than 5000 pixels-are discarded. This step removes the background. The last step consists in computing the center of mass of the remaining objects. The most centered object is considered to be the trachea. The center of mass of the trachea in the first slice region is set as the initial seed for the wavefront propagation. The Insight Toolkit (Ibanez et al 2003) was used to implement the initialization and also the rest of steps of the algorithm.
Wavefront propagation.
To propagate the wavefront, we use a 3D fast marching level set algorithm. In particular, our implementation is based on the algorithm described by Deschamps and Cohen (2001) and we refer to their work for details. An important aspect is that, since the intensity threshold is variable-as it will be detailed in subsection 2.2.3-it is not guaranteed that the potential will be monotonically increasing as the wavefront propagates. Since the fast marching algorithm assumes this, the wavefront stops as soon as a negative growth of the potential is detected. An important advantage of a fast marching front compared to region growing is the dome shape of the wavefront, which is very helpful for correctly detecting bifurcations.
Bifurcation detection is a critical aspect of wavefront propagation. To detect a bifurcation, the connectivity of the wavefront is checked after every propagation step. If the wavefront is divided in two or more parts, a bifurcation exists. Sensitivity to detect a bifurcation depends on the connectivity size parameter. The connectivity size defines how many voxels around a given voxels are considered as neighbors. A neighbor connectivity of radius 1 means that only the 26 voxels around a given voxel are considered neighbors. If this size is increased to 2, all voxels in the 5 × 5 × 5 cube around a given voxel will be considered neighbors. Therefore, a low connectivity is very sensitive to bifurcations and will detect them immediately, although it is also sensitive to noise and will probably detect non-existent bifurcations caused by noise. To combine the advantages of high and low connectivities, we have implemented a variable connectivity scheme. Namely, a high connectivity size is used by default-cubical neighborhood of radius 3-and when rapid growth of the wavefront in successive steps is detected, the parameter is reduced to radius 1, in order to detect the bifurcation more rapidly. The connectivity returns to the default value of 3 once the segment stops growing.
Voxel acceptance criteria.
The viscosity function of the fast marching algorithm determines whether a voxel is to be added to the current segment or not. If a certain voxel fulfills the acceptance criteria, its viscosity value is set to 1. Otherwise it is set to infinity. There are two criteria that a voxel must fulfill before being accepted: the similar intensity condition and the low gradient condition. The similar intensity condition is given by a variable upper threshold, which accounts for the large variability in image intensities observable in micro-CT images. In other words, voxels with an intensity lower than the variable intensity threshold, T i , fulfill the similar intensity condition, while the rest do not. In other words, the low SNR and the strong artifacts (beam hardening, circular artifacts) cause the airway branches to have different intensities depending on their location. Therefore, it becomes necessary to have a threshold that varies within the same image. We define the variable threshold considering the intensity distribution of the current segment as well as the intensities of its ancestor segments:
where μ l is the mean intensity of the current segment (l stands for local), α is a tunable parameter, and σ p and σ gp are the standard deviations of the intensity values of the voxels in the parent and grandparent segments of the current one, respectively. The largest of both is taken, to avoid very small σ -s in the case of a short or very homogeneous segment, which would lead to a too low threshold T i . Intensities are averaged in a 3 × 3 × 3 neighborhood around the voxel of interest, to minimize the effect of noise. In our experience with different imaging protocols, α-values between 1.2 and 2 work generally well. If the image is very noisy α must be rather small (near 1.2), while less noisy images require an α-value closer to 2. For the low gradient condition, the three-dimensional Sobel gradient is computed and voxels are rejected if their Sobel gradient value exceeds a given threshold T s . This way segmentation leakage from the airways and into the lungs is avoided.
Propagation evaluation.
There are two criteria to accept or reject a propagation step. The first one controls the current size of the wavefront and prevents it from growing in excess. This is implemented by not allowing wavefronts to be larger than the wavefronts in their parent segments. To account for noise and anatomical irregularities, the propagation stops if
where r is the current wavefront radius, γ is a tunable parameter that allows certain growth, min(r anc ) is the minimum radius among all ancestors of the current segment and mean(r anc min −r ) is the mean value of wavefront radius of the ancestor containing the minimum radius. The latter is averaged with the smallest radius because the smallest radius alone resulted in a too noisy measure, which limited propagation in some cases. The value of γ indicates the tolerance to the growth of the airway diameter as the wavefront propagates inside the tree. A large value allows segments to be wider than their ancestors, but can also lead to accept leaks as correct airways. Given that mouse airway segments can be considerably wider than their ancestors-especially the right mainstem bronchus can be wider than the trachea-the values between 1.5 and 2 should be considered. The second propagation evaluation rule refers to the number of neighbor segments. This number is limited to 2 because the number of neighbors computed before the current segment has stopped its propagation and its children segments have been initialized. A number greater than 2 generally indicates that several small segments are growing next to each other, which is a common indicator of leakage.
Segment evaluation.
Three different parameters are considered to accept or reject a fully grown segment. A segment is considered to be fully grown when a bifurcation of the wavefront is detected or it cannot grow further.
To evaluate if the wavefront has propagated uniformly, the growth rate (GR) is measured, which is given by
where N is the number of propagation steps in the segment and |W i | is the number of voxels of the wavefront at propagation step i. Thus, a GR larger than 1 indicates that the segment has grown during propagation. A threshold T GR slightly larger than 1 allows a slight growth of the segment. Then, the discrete compactness (C) is computed, as defined by Bribiesca (2008) for a solid volume of n voxels in 3D:
where A is the area of the enclosing surface of the segment, and corresponds to the sum of the areas of the external plane polygons of the voxels which form the visible faces of the solid. Correct airways tend to be more compact than leakages. A threshold T C is defined to separate correct and incorrect segments. Finally, the difference between the sizes of the last and the first wavefront is also computed and compared to a threshold T W because a large difference is a typical sign of leakage.
These three parameters are combined through voting, as detailed in algorithm 1. Two of the three parameters must be above the thresholds in order to reject a segment. 
Image dataset
We tested our algorithm on three different groups of 10 A/J male mice each (Harlan UK Ltd, Oxon, UK), scanned at 12 weeks of age and with a mean weight of 21.1 g (variance 1.45). The three groups received a different treatment 4 weeks before the scan. Mice from the control group were intratracheally instilled with 90 μl of saline. The second group was instilled with elastase in a dose of 6 Units per 30 g (EC134GI, EPC, MI, USA), which is known to cause severe emphysema in A/J mice (Valentine et al 1983) . The third group was instilled with crystalline silica (9 mg in 90 μl saline per mice). The crystalline silica sample was 99% pure alpha-quartz (Min-U-Sil 5, US Silica Co., Berkeley Springs, WV, USA), with a particle size of <5 μm. This single treatment causes silicosis which occurs with severe inflammation in the first weeks after instillation (Saffiotti et al 1996) . All procedures were approved by the University of Navarra Institutional Animal Care and Use Committee, in compliance with the European Union relevant guidelines for the use of laboratory animals.
Imaging protocol
To ensure high-quality thoracic images free from movement-related artifacts, our protocol uses artificial ventilation, and the micro-CT projections are acquired during ventilator-induced breath holds.
In particular, the data acquisition-input impedance parameters and micro-CT imageprotocol is an adaptation of that by Namati et al (2006) . Animals were anesthetized with an intraperitoneal injection of 90 mg kg −1 ketamine and 10 mg kg −1 xylacine. Endotracheal intubation was performed on anesthetized animals using the BioLite system (Biotex, Houston, TX, USA), to illuminate the trachea with a fiber optic stylet. After intubation, animals were connected to a Flexivent rodent ventilator (Scireq, Montreal, Canada) at a rate of 200 breaths min −1 and a tidal volume of 10 ml kg −1 . Animals were kept breathing isoflurane at 2% concentration until complete relaxation was achieved. 0.5% isoflurane was maintained during the rest of the experiment. No paralyzer was required in order to prevent mice from trying to breath on their own. Once the animals were connected to the ventilator and did not show any reflex or attempt to breath on their own, the forced oscillation technique was employed to compute the airway resistance (Raw), airway inertance (I), tissue damping (G) and tissue elastance (H) (Hantos et al 1992) . The manoeuvre was performed three times and the mean value for each parameter was calculated.
After obtaining the constant phase model parameters, the animals were scanned. 700 micro-CT projections were acquired during iso-pressure breath holds at 12 cmH 2 O, which represents a physiological pressure and minimizes the probability of ventilator-induced lung injury (VILI) (Dreyfuss and Saumon 1998) . Breath hold duration was 650 ms and normal breathing was induced for two inspiration-expiration cycles between breath holds. A total lung capacity (TLC) perturbation was performed every 20 breath holds. This inflates the lung to the maximum capacity (30 cmH 2 O) for 3 s and contributes to prevent atelectasis (Allen et al 2006) . No projections were acquired during the TLC perturbations.
Images were acquired with a Micro-CAT II scanner (Siemens Pre-Clinical Solutions, Knoxville, TN), with a source voltage of 80 kVp and a current of 500 μA. The exposure time per projection was 450 ms and each projection was acquired during the 650 ms iso-pressure breath holds at peak inspiration (12 cm H 2 O). This resulted in images of 640 slices with 1024 × 1024 voxels per slice, and an isotropic voxel size of 46 μm. A water phantom was used to calibrate the images to Hounsfield Units (HU). The resolution estimated by the Resolution Estimator software (Siemens Pre-Clinical Solutions, Knoxville, TN) was 43.74 μm. Scan time was approximately 30 min and the dosage computed by the Dose Calculator software (Siemens Pre-Clinical Solutions, Knoxville, TN) was 71.6 cGy per scan. To estimate image noise, we scanned a cylindrical phantom filled with water and computed the standard deviation of the water region (mean 0.97 HU), which resulted in 74.55 HU.
After the scan, animals were intraperitoneally injected with warm saline (10 μl per 1 g) to aid recovery from anesthesia and artificial ventilation.
Airway segmentation evaluation measures
Automatic airway segmentations were compared to manual segmentations, which were taken as reference. Only every fifth transversal slice was considered for evaluation, due to the long time required for manual segmentations. The Amira software (Visage Imaging, Fürth, Germany) was used to perform the manual segmentations. To this end, a seed was placed inside every visible airway and 2D region growing was applied to segment the airway. The upper threshold for region growing was modified to adjust to local airway characteristics in each case. In occasions in which this approach failed (mainly due to leakage into the parenchyma), the airways were delineated manually. The entire manual delineation process took around 90 min per scan. To assess inter-rater variability, a second expert segmented five scans from each of the three groups.
To assess the accuracy of our segmentation method, we computed the true positive volume fraction (TPVF) and false positive volume fraction (FPVF) as defined in the work of Shi et al (2007) :
where S A is the automatic segmentation, S M is the manual segmentation, |S A ∩ S M | represents the cardinality of the intersection between the two segmentations and |S A − S M | represents the number of pixels that were marked as airway by the automatic algorithm but not by the manual segmentation.
Test parameter sets
Our airway segmentation algorithm has a number of parameters that must be set. For this purpose, we used two extra images from each group, which were excluded from the validation study. The tunable parameters can be divided in two different groups: wavefront propagation and segment evaluation. The wavefront propagation parameters are α (equation (1)), T s and γ (equation (2)). The parameter α (see subsection 2.2.2) acts on the threshold of the propagation: a high α-value leads to a high threshold. T s is the threshold for the Sobel gradient and, similarly, the higher the threshold the less restrictive the propagation. The last parameter related to propagation is γ (equation (2)). A smaller value implies more restrictions to radius growth in subsequent wavefronts. Three thresholds (T GR , T C and T W ) comprise the segment evaluation parameters. A more lenient set generally leads to more accepted segments, with the risk of more invalid segments being accepted. We used a simple methodology to set the tunable parameters. The wavefront propagation parameters were selected first, by visually observing the results in two images of each group. These parameters were set so that all the main bronchi and most of the small bronchi were segmented, without excessive leakage into the parenchyma. To select T GR , T C and T W , the growth rate, compactness and difference between last and first wavefront parameters of a few correct and incorrect segments were observed, and thresholds that best separated those two groups were chosen.
Due to the very different image characteristics of the three groups, two different parameter sets resulted from the tuning process. The first set, aimed at control and silica-treated mice, has more lenient rules for both propagation and segment evaluation than the second set. The reason is that airway walls tend to be worse defined in elastase-treated animals and this results in a much higher leakage probability. Precise values for parameters are given in table 1.
Robustness to image noise
To test how the algorithm behaves on images of different characteristics, we scanned three A/J mice with three different x-ray doses. Two mice were 11 months old and the third one was 16 months old. The imaging protocol was in all cases virtually identical to the one described in subsection 3.2. The only difference was the tube voltage, which was set to 80 kV p for the normal dose images, to 65 kV p for the low dose images and to 40 kV p for the very low dose images. The standard deviation of the water volume in a water phantom used to estimate the noise was 78.32 HU, 86.64 HU and 94.42 HU respectively.
Results
Micro-CT sample images from the three groups are shown in figure 2. Compared to the control group, emphysematous mice show considerably darker lungs, due to the loss of parenchymal tissue (Froese et al 2007) . This, together with a stronger tendency to movement-related artifacts, leads to poor intensity contrast between airways and parenchyma. The airway diameter is also generally smaller and lungs appear more inflated. In contrast, the silica group shows large inflammed central areas which display with high intensity in the image. Some lung lobes and airways leading to them can appear collapsed. Table 2 shows the segmentation accuracy results for the three different groups using the two different parameter sets presented in table 1. As expected, the first parameter set yields good results in the control and silica groups, while a more restrictive set is required for the elastase-treated emphysema group. The result of manual segmentations depends up to a certain point on the subjectiveness of the manual segmenter. These effects can be partially quantified by looking at inter-observer variability. In this case, it was estimated by comparing the manual segmentations of two independent observers on five randomly chosen images of each group. The first observer's segmentations were taken as reference to compute the TPVF and FPVF of the second observer. Results are shown in table 3, where relatively high values of TPVF and FPVF can be observed. Visual comparison of the two observers' segmentations revealed that the second observer drew larger contours around the airway lumens, which explains the high FPVF values.
Most oversegmentation errors of our automatic method occurred due to late detection of leaks, as shown in the 3D rendering of figure 3. A more restrictive set of segment acceptance rules would reduce these kind of leaks, but it would also affect the TPVF, as already seen in table 2.
Computation time varies from image to image depending on particular image characteristics (airway wall thickness, movement artifact, etc) and lies between 1 and 3 min, with non-optimized C++ code on an Intel Xeon 3.20 GHz processor.
Our algorithm not only segments the airway tree, but also provides a reconstruction of the bronchial tree, by means of a list of segments hierarchically related. The length, volume and mean wavefront size of each segment are also given. The mean wavefront size can be seen as a surrogate of airway area since the front propagates in the normal direction to the airway lumen. Figure 4 shows three renderings of images of the three groups, with main segments displayed in different gray levels. It must be noted that segments do not necessarily correspond to airway branches because they only have algorithmic meaning, as explained in subsection 2.2.
To gain a better understanding of the effect of the diseases on the lung physiology, we first compared the radii of the two mainstem bronchi of the three different mice groups. To have a more accurate measurement and to have segments that correspond to real airway branches, the algorithm was run again on the already segmented trees. Table 4 shows the mean radii of the three different groups. It can be seen that, as expected, the right mainstem bronchus is larger ). If mean mainstem bronchi radii and H are plotted jointly, clear differences between the three groups can be seen (see figure 5 ). Silicotic mice have smaller bronchi radii than controls, and virtually the same tissue elastance. On the other hand, emphysematous mice also show smaller bronchi radii, but a significantly lower tissue elastance. This suggests that the causes of mainstem bronchi shrinking are different. In the inflammation case, the inflammation around the main airways is the most probable cause of radius reduction. In contrast, the reduced airway diameter in emphysematous mice is likely to be due to the increased compliance of their lung tissue, revealed by the low H value. Table 5 shows the mean TPVF and FPVF values for the images acquired at different x-ray doses (see subsection 3.5). It can be seen that, as expected, decreasing dose leads to worse segmentations. However, the decrease in accuracy is not dramatic and, depending on the application, the algorithm might be of use even with very low dose images.
Discussion and conclusions
Accurately segmenting mice airways in in vivo micro-CT images is a challenging task. On the one hand, the imaging technology imposes certain image quality constraints, as mentioned above (see section 1). On the other hand, the position of lung structures can vary during the scanning process, which takes several minutes. Despite artificial ventilation, iso-pressure apneae and deep anesthesia, the way in which lungs respond to repeated mechanical ventilation does not remain constant during the acquisition process. We observed that this was especially significant in emphysematous specimens, which lead to a generally low image quality due to movement artifacts.
To overcome the difficulty imposed by the low SNR and movement artifacts, a robust segmentation algorithm is required. We built on a previously published framework for tubular structure segmentation and reconstruction. Previous works have centered on the framework itself and its applications (Schlathoelter et al 2002 , Bülow et al 2004 , van Ginneken et al 2008 . The framework provides with generic concepts for the segmentation and reconstruction of treelike structures, such as the propagating wavefront and the segment definition. Here, we have used these basic concepts of the framework and we have devised new features in its different components, such as the variable threshold and the voting segment evaluation, to adapt to the particularities of thoracic micro-CT images. These extra components have certain tunable parameters that must be fixed. In our experience, it is useful to divide these parameters in wavefront propagation and segment evaluation parameters to better understand their global effect. To fine tune the parameters, a few images of the dataset should be used as a guide, until an acceptable trade-off between sensitivity and specificity is achieved.
We tested our algorithm on normal mice and on two mouse models of lung disease. The three groups showed very different image characteristics. Particularly, the elastase group displayed very low voxel intensity in the lungs, which made both manual and automatic segmentations more difficult. Moreover, movement artifacts were stronger in this group. Therefore, we used a different parameter set for this image dataset. The main characteristic of this parameter set was that it was more restrictive in both wavefront propagation and segment acceptance.
The validation was performed by comparing automatic segmentations with manual ones. In an attempt to quantify the existing human observer errors, a second expert segmented 50% of the evaluated images. Results show that a considerable variability exists between the two observers, suggesting the difficulty of precisely delineating the airways.
The automated image analysis tool that we have developed may be of use for a variety of studies related to lung physiology and pathology. A number of potential applications of murine airway segmentation have been outlined in the introductory section. We plan to use this airway segmentation method to quantify both emphysema and inflammation, in the context of chronic-inflammation-related lung carcinogenesis. An interesting topic for future work would be the measurement of airways walls since they are also affected in COPD.
We showed that differences in the airway diameter among different groups can be detected with this segmentation method. However, the question of how early in a disease process changes can be quantified has not been addressed. A different dataset showing disease progression would be required. The factors that will affect the technique's sensitivity include image resolution, signal-to-noise ratio and the presence of motion artifacts in the images.
We observed that, despite the segment evaluation rules, some leaks remained undetected. Depending on the application, an interactive tool for incorrect segment removal might be of use. The relatively large standard deviations in the TPVF and FPVF values reveal that the algorithm performs better in some images than in others. This could be improved by modifying the tunable parameters separately for each image, which should be done automatically if a fully automatic algorithm is desired. Variables such as the number of segmented branches or the intensity values within and outside the already segmented airways could be used for an iterative tuning process. Another limitation of the algorithm is due to the fact that it is based on a propagating wavefront. Any interruption in an airway branch caused by noise or disease stops the propagation. Additional features would be required to detect and avoid these interruptions.
Segment hierarchical information is given together with the segmentation. Thus, the topology of the tree can be easily traced because the parent and children of each branch are identified. We believe that this is a major advantage of the technique when compared to other algorithms that simply segment the tree, for two reasons. First, topological information can be used to help the segmentation, for instance by comparing the current segment with its ancestors' radius or by checking the number of neighbor segments. Second, it eliminates the need for an extra skeletonization step. Moreover, our algorithm provides with measurements of the length, volume and mean wavefront size of each airway (which is a surrogate of the area). We showed an application of this by comparing the mean radius of the left and right mainstem bronchi among the control, emphysema and inflammation groups. Combining data from the constant phase model parameters and the airway measurements, we were able to detect different patterns in the different groups. These differences could not be clearly seen when only input impedance parameters or mainstem bronchi measurements were analyzed.
In conclusion, we have presented a fast and robust algorithm for murine airway segmentation and reconstruction. By adjusting the algorithm parameters to the particular characteristics of different models of lung disease, the algorithm is able to segment the airways with high sensitivity and specificity values. We have shown that measurements derived from these segmentations can be combined with pulmonary input impedance measurements to gain more insight into the changes in normal lung physiology caused by different diseases.
